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Today 

One week ago? 

5 years ago?!? 

	
  
Can	
  we	
  use	
  this	
  informa[on	
  

(i.e.,	
  both	
  obs	
  and	
  re-­‐analysis),	
  	
  
to	
  improve	
  forecasts	
  or	
  resource	
  es[mates?	
  

	
  

Weather	
  analogs:	
  basic	
  idea	
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Edward Lorenz, “Atmospheric predictability as revealed by 
naturally occurring analogues” (JAS 1969): 
… 
Five	
  years	
  of	
  twice-­‐daily	
  height	
  values	
  of	
  the	
  200-­‐,	
  500-­‐,	
  and	
  850-­‐
mb	
  surfaces	
  at	
  a	
  grid	
  of	
  1003	
  points	
  over	
  the	
  Northern	
  Hemisphere	
  
…	
  
There	
  are	
  numerous	
  mediocre	
  analogues	
  but	
  no	
  truly	
  good	
  ones.	
  
…	
  
The	
  likelihood	
  of	
  encountering	
  any	
  truly	
  good	
  analogues	
  by	
  
processing	
  all	
  exisGng	
  upper-­‐level	
  data	
  appears	
  to	
  be	
  small.	
  

There	
  is	
  a	
  problem…	
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Huug van den Dool, “Searching for analogues, how long  
must we wait?” (Tellus 1994): 
… 
It	
  is	
  found	
  that	
  it	
  would	
  take	
  a	
  library	
  of	
  order	
  of	
  1030	
  years	
  to	
  find	
  2	
  
observed	
  flows	
  that	
  match	
  to	
  within	
  current	
  observaGonal	
  error	
  
over	
  a	
  large	
  area	
  such	
  as	
  the	
  Northern	
  Hemisphere.	
  
…	
  
Obviously,	
  with	
  10-­‐100	
  years	
  of	
  data,	
  the	
  probability	
  of	
  finding	
  
natural	
  analogous	
  is	
  very	
  small,	
  unless	
  one	
  is	
  saGsfied	
  with	
  analogy	
  
over	
  small	
  areas	
  or	
  in	
  just	
  2	
  or	
  3	
  degrees	
  of	
  freedom	
  
	
  
	
  

A	
  possible	
  solu[on?	
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Ensemble	
  Predic[on	
  

The	
  single	
  determinis[c	
  forecast	
  f0	
  
fails	
  to	
  predict	
  the	
  TRUE	
  
	
  
The	
  ini[al	
  probability	
  density	
  func[on	
  
PDF(0)	
  represents	
  the	
  ini[al	
  
uncertain[es	
  
	
  
An	
  ensemble	
  of	
  perturbed	
  forecasts	
  
fi,	
  star[ng	
  from	
  perturbed	
  ini[al	
  
condi[ons	
  designed	
  to	
  sample	
  the	
  
ini[al	
  uncertain[es	
  can	
  be	
  used	
  to	
  
es[mate	
  the	
  probability	
  of	
  future	
  
states	
  PDF(t)	
  

f0 

fi 

W
in
d	
  
Sp
ee
d	
  

Forecast	
  5me	
  

PDF(0) 

PDF(t) 
TRUE	
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•  AnEn generated with Environment Canada GEM (15 km), 

    0-48 hours 

•  Comparison with: 
o  Environment Canada Regional Ensemble Prediction System (REPS, next slide) 

o  Logistic Regression (LR) out of 15-km GEM 

o  LR our of REPS, i.e., Ensemble Model Output Statistics (EMOS) 

•  Period of 15 months (verification over the last 3 months) 

•  10-m wind speed 

•  550 surface stations over CONUS (in two slides) 

•  Probabilistic prediction attributes:  statistical consistency, 
reliability, sharpness, resolution, spread-error consistency 

How skillful is AnEn? 

26 
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•  Model:  GEM 4.2.0 (vertical staggering) 

•  20 members + 1 control run 

•  72 hours forecast lead time 

•  Resolution:  ~33 km with 28 levels 

•  Initial conditions (i.e., cold start) and 3-hourly boundary 
condition updates from GEPS (EnKF + multi-physics) 

•  Physics: 

o  Kain et Fritsch (1993) for deep convection  

o  Li et Barker (2005) for the radiation 

o  ISBA scheme (Noilhan et Planton, 1989) for surface 

•  Stochastic Physics:  Markov Chains on physical tendencies 

Regional	
  Ensemble	
  Predic[on	
  System	
  (REPS) 
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Ground	
  truth	
  dataset	
  
•  550 hourly METAR Surface Observations 

•  1 May 2010 – 31 July 2011, for a total of 457 days 

•  10-m wind speed 



Example: 
 

①  An event (e.g., wind speed > 5 m/s) is predicted to happen 
with a 30% probability 

②  We collect the observations that verified every time we made 
the prediction in  1 

③  If the frequency of the event in the observation collected is 
30%, then the forecast is perfectly RELIABLE 

Probabilis[c	
  forecast	
  aVributes:	
  Reliability	
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Reliability and sharpness diagram: 10-m wind speed > 5 m s-1, 9-h fcst 
Analysis	
  of	
  reliability	
  &	
  sharpness	
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Probabilis[c	
  forecast	
  aVributes:	
  Sharpness	
  
Sharpness refers to the degree of concentration of a forecast PDF’s 
probability density, and is a property of the forecasts only.  
 
Ideally, we want the forecast system, while mainly reliable, with as 
many forecasts as possible close to 0% and 100%, corresponding to a 
perfect deterministic forecast system. However, an improvement in 
sharpness does not necessarily mean that the forecast system has 
improved. 
 

T 0            5            10            15            20 T 0            5            10            15            20 

Sharper Forecast Less Sharp Forecast 
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Reliability and sharpness diagram: 10-m wind speed > 5 m s-1, 9-h fcst 
Analysis	
  of	
  reliability	
  &	
  sharpness	
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Probabilis[c	
  forecast	
  aVributes:	
  
Resolu[on	
  

Consider different classes of forecast events. 
 

If all observed classes corresponds to different forecast classes, 
then the probabilistic forecast has perfect RESOLUTION.  

 

TWO MAIN ATTRIBUTES OF FORECASTS
RELIABILITY – Lack of systematic error

(No conditional bias)

Consider cases with same forecast 

Construct pdf of corresponding obs

If fcst identical to pdf of observations  =>

PERFECT RELIABILITY

Reliability CAN BE statistically corrected

(assuming stationary processes)

Climate forecasts are perfectly reliable –

RELIABILITY IN ITSELF HAS NO FCST 

VALUE

RESOLUTION – Different forecasts 

precede different observed events

Consider different classes of fcst events

If all observed classes are preceded by

distinctly different forecasts =>

PERFECT RESOLUTION

Resolution CANNOT BE statistically

corrected

INTRINSIC VALUE OF FCST SYSTEM 
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Analysis	
  of	
  Resolu[on	
  (1)	
  
Rela[ve	
  Opera[ng	
  Characteris[cs	
  skill	
  score,	
  10-­‐m	
  wind	
  speed	
  ≥	
  5,	
  10	
  m	
  s-­‐1	
  

WSPD	
  >	
  5	
  m	
  s-­‐1	
  
sample	
  climatology:	
  18.1	
  %	
  (12	
  UTC)	
  to	
  44.9	
  %	
  (21	
  UTC)	
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(b)

WSPD	
  >	
  10	
  m	
  s-­‐1	
  
sample	
  climatology:	
  0.6	
  %	
  (12	
  UTC)	
  to	
  3.4	
  %	
  (21	
  UTC)	
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  10-­‐m	
  wind	
  speed	
  ≥	
  5	
  m	
  s-­‐1	
  

AnEn	
  with	
  a	
  shorter	
  	
  
training	
  data	
  set	
  (15	
  à	
  9	
  months)	
  

AnEn	
  built	
  with	
  a	
  coarser	
  
dynamical	
  model	
  (15	
  à	
  33	
  km)	
  

be
W
er
	
  

w
or
se
	
  



①  The ensemble spread tell us how uncertain a forecast is.  
Ideally, large spread should be associate with larger 
uncertainties, low spread should indicate higher accuracy 

 
②  If an ensemble is perfect, than the observations are 

indistinguishable from the ensemble members 
 

Probabilis[c	
  forecast	
  aVributes:	
  	
  
Sta[s[cal	
  and	
  spread-­‐error	
  consistency	
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Analysis	
  of	
  spread-­‐error	
  consistency	
  (2)	
  
Binned	
  spread-­‐skill	
  diagram,	
  10-­‐m	
  wind	
  speed,	
  42-­‐h	
  fcst	
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• AnEn	
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  wind	
  resource	
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•  Summary	
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  future	
  work	
  	
  



Goal:	
  
Accurate	
  power	
  forecasts	
  and	
  reliable	
  quan[fica[on	
  of	
  forecast	
  
uncertainty	
  
	
  
	
  
Mo5va5on:	
  
•  Increase	
  wind	
  energy	
  penetra[on	
  in	
  the	
  energy	
  market	
  

o  Op[mized	
  Servicing	
  
o  Less	
  spinning	
  reserves	
  needed	
  and	
  op[mized	
  servicing	
  of	
  wind	
  individual	
  
turbines	
  

	
  	
  

Probabilis[c	
  power	
  predic[on	
  with	
  an	
  
analog	
  ensemble	
  



 

Power predictions: Experiment design 

•  Test site: Wind farm in northern Sicily − 9 turbines, 850 kW Nominal Power (NP) 
•  Training period: November 2010 - October 2012 
•  Verification period: November 2011 – October 2012 
•  Probabilistic prediction systems: ECMWF EPS, COSMO LEPS, AnEn 
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N
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Forecast Lead Time 

Power	
  predic[ons	
  



RMSE	
  of	
  ensemble	
  means	
  



Spread-­‐skill	
  relathionship	
  

ECMWF	
  EPS	
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Results:	
  example	
  of	
  [me	
  series	
  (Lamont,	
  OK)	
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Time  series  of  6-­hourly  wind  speed  at  Lamont,  OK

Training  period  is  last  365  days,  analogs  searched  for  period  of  observations

Analogs:  25,  selected  with  ws.wd.p,  2  neighbors  in  trend,  0  neighbor  in  search  window

Training  period:  2009-­10-­18  to  2010-­10-­17,  downscale  period:  2001-­01-­01  to  2009-­10-­17 Pearson  r2   =  0.80,  Spearman  r  =  0.89  (across  period  shown;;  daily)
60  m  AGL  observations 60  m  AGL  AN-­KF

Lamont, OK: simple topography 



•  Analog	
  ensemble	
  beWer	
  than	
  MERRA	
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Training:  1  Jan  2009  to  31  Dec  2009,  period:  2  Jan  2006  to  31  Dec  2008,  trend:  24  neighbors,  window:  0  neighbor,  var:  ws.wd.pb
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Hourly  wind  speed

MERRA AN persistence random

 
 

ß
 B

et
te

r R
M

SE
 (m

 s
-1

) 

C
or

re
la

tio
n 

B
et

te
r à

 
Analog Ensemble 

MERRA 

Analog Ensemble 

MERRA 

ws ws.wd ws.p ws.pb ws.wd.p ws.wd.pb
Variables  used  to  select  analogs

0.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1.0

S
pe
ar
m
an
  ra

nk
  c
or
re
la
tio
n  
co
ef
fic
ie
nt

Wind  speed  at  Chinook,  OR:
Spearman  rank  correlation  coefficient

Training  period:  last  365  days,  period  downscaled:  last  3  entire  years,  analogs:  25
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  results	
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  OK)	
  



•  Analog ensemble provides reliable uncertainty estimates 

Probabilis[c	
  results	
  (Lamont,	
  OK)	
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Wind  speed  at  Lamont,  OK:
Reliability  and  sharpness  diagram

Training  period:  last  365  days,  period  downscaled:  last  5  entire  years,  analogs:  25

Training:  18  Oct  2009  to  17  Oct  2010,  period:  19  Oct  2004  to  17  Oct  2009,  trend:  4  neighbors,  window:  0  neighbor,  var:  ws.wd

Hourly  wind  speed

Wind  speed:   ≤  5.0  m  s-­1
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Wind  speed  at  Lamont,  OK:
Reliability  and  sharpness  diagram

Training  period:  last  365  days,  period  downscaled:  last  5  entire  years,  analogs:  25

Training:  18  Oct  2009  to  17  Oct  2010,  period:  19  Oct  2004  to  17  Oct  2009,  trend:  4  neighbors,  window:  0  neighbor,  var:  ws.wd
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wind speed ≤ 5 m s-1 5 m s-1 ≤ wind speed < 15 m s-1 



Determinis[c	
  results	
  (Goodnoe	
  Hill,	
  WA)	
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Wind  speed  at  Goodnoe  Hills,  WA:
Taylor  diagram

Training  period:  last  365  days,  period  downscaled:  last  5  entire  years,  analogs:  25

Training:  1  Jan  2009  to  31  Dec  2009,  period:  3  Jan  2004  to  31  Dec  2008,  trend:  24  neighbors,  window:  0  neighbor,  var:  ws.wd
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Wind  speed  at  Goodnoe  Hills,  WA:
Histogram

Training  period:  last  365  days,  period  downscaled:  last  5  entire  years,  analogs:  25

Training:  1  Jan  2009  to  31  Dec  2009,  period:  3  Jan  2004  to  31  Dec  2008,  trend:  24  neighbors,  window:  0  neighbor,  var:  ws.wd

Hourly  wind  speed

Observations
MERRA
Analog  ensemble

PDFs	
  comparison	
  (Goodnoe	
  Hill,	
  WA)	
  



56 

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 30
Wind  speed  (m/s)

0.00

0.04

0.08

0.12

0.16

0.20

P
ro
ba
bi
lit
y  
de
ns
ity

MERRA
AN
Observations

Wind  speed  at  site  216:
Histogram

Training  period:  last  365  days,  period  downscaled:  last  3  entire  years,  analogs:  25

Training:  3  Aug  2010  to  2  Aug  2011,  period:  4  Aug  2007  to  2  Aug  2010,  trend:  4  neighbors,  window:  0  neighbor,  var:  ws.wd
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AnEn	
  for	
  wind	
  resource	
  assessment	
  
in	
  areas	
  with	
  no	
  observa[ons	
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  a	
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  wind	
  climatology	
  at	
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Outline	
  

• Analog	
  Ensemble	
  (AnEn)	
  basic	
  idea	
  

• AnEn	
  for	
  short-­‐term	
  (i.e.,	
  0-­‐48	
  h)	
  weather	
  predic[ons	
  

• AnEn	
  for	
  short-­‐term	
  (i.e.,	
  0-­‐72	
  h)	
  power	
  predic[ons	
  

• AnEn	
  for	
  long-­‐term	
  (i.e.,	
  mul[-­‐year)	
  wind	
  resource	
  

assessment	
  

•  Summary	
  and	
  future	
  work	
  	
  



Summary	
  and	
  future	
  work	
  
•  The	
  analog	
  ensemble	
  provides	
  accurate	
  predic[ons/es[mates	
  and	
  

reliable	
  uncertainty	
  quan[fica[on	
  (at	
  a	
  lower	
  computa[onal	
  cost)	
  for	
  

o  Short-­‐term	
  (0-­‐48	
  h)	
  weather	
  predic[ons	
  

o  Short-­‐term	
  (0-­‐72	
  h)	
  power	
  predic[ons	
  

o  Long-­‐term	
  wind	
  resource	
  assessment	
  	
  

•  The	
  analog	
  ensemble	
  could	
  also	
  be	
  used	
  to	
  dras[cally	
  reduce	
  the	
  
computa[onal	
  cost	
  of	
  dynamical	
  downscaling	
  (with	
  the	
  added	
  value	
  of	
  
uncertainty	
  quan[fica[on)	
  

•  Could	
  it	
  be	
  a	
  game-­‐changer	
  for	
  some	
  of	
  these	
  applica[ons?	
  

•  Current/Future	
  work:	
  
o  AnEn	
  op[miza[on	
  (e.g.,	
  adap[ve	
  number	
  of	
  analogs)	
  

o  Explore	
  new	
  predictors,	
  and	
  new	
  predictor	
  selec[on	
  criteria	
  

o  Tests	
  with	
  mul[-­‐year	
  training	
  data	
  set	
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Thanks!	
  
(lucadm@ucar.edu)	
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NCAR’s Wind Energy Prediction System  
for Xcel Energy 

WRF RTFDDA 
System 

NCEP Data 
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GEM (Canada) 
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Nacelle wind speed 
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NCAR-Xcel Energy Project  
Accurate prediction economical benefits 

~$1.9M	
  per	
  each	
  
percent	
  	
  

improvement	
  



64 

MWh’s of avoided generation in 2011 
Arapahoe 3 = 317 
Arapahoe 4 = 6,941 
Cherokee 1 = 11,606 
Cherokee 2 = 13,772 
Valmont 5 = 10,061 
FSV CC = 93,626 
RMEC CC = 308,989 

AVOIDED EMISSIONS DUE TO IMPROVED PREDICTIONS: 238,136 TONS OF CO2
  

NCAR-Xcel Energy Project  
CO2 reduction due to accurate predictions  

“The avoided generation occurred when Xcel cycled offline 
baseload thermal units (coal or natural gas combined cycle) due 
to extended periods of forecasted low loads and high winds.” 



Potential value of a forecast in a decision making framework; it 
can be estimated using a static cost-loss decision model for a 
dichotomous event (Wilks, 2006). 
 

A decision maker can chose to pay a cost C (e.g., cost of 
evacuation efforts) to protect against a possible loss L (with L 
> C): if protective action is not taken, than the decision maker 
incurs a loss L if the adverse event incurs (e.g., lost lives).  

Probabilistic forecast attributes: 
Economic value (value score) 
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Analysis	
  of	
  Value	
  
Economic	
  value	
  diagram,	
  10-­‐m	
  wind	
  speed	
  ≥	
  5	
  m/s	
  

9-h Forecast 42-h Forecast 
perfect	
  forecast	
  

climatology	
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  risk	
   high	
  risk	
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Analysis	
  of	
  spread-­‐error	
  consistency	
  (1)	
  
Dispersion diagram for 10-m wind speed 
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climperf

climfcst

EE
EE

VS
−

−
=

Measuring Value 

Value Score (or expense skill score) 

( )

),min(

),min(1

oo

ocba
MVS

αα

ααα

−

−++
=

o

Coun
ts

a =  # of hits 
b =  # of false alarms 
c =  # of misses 
d =  # of correct rejections 
α  =  C/L ratio 
    =  (a+c) / (a+b+c+d) 

Efcst =  Expense from follow the forecast 
Eclim =  Expense from follow a climatological forecast 

Eperf  =  Expense from follow a perfect forecast 
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Binned	
  spread-­‐skill	
  diagram,	
  power	
  forecasts	
  

Power	
  predic[ons	
  (2)	
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  finding	
  the	
  n	
  strongest	
  analogs,	
  each	
  of	
  the	
  n AnEn	
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  is	
  taken	
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  verifying	
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  from	
  each	
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Ensemble	
  Predic[on	
  

The	
  single	
  determinis[c	
  forecast	
  f0	
  
fails	
  to	
  predict	
  the	
  TRUE	
  
	
  
The	
  ini[al	
  probability	
  density	
  func[on	
  
PDF(0)	
  represents	
  the	
  ini[al	
  
uncertain[es	
  
	
  
An	
  ensemble	
  of	
  perturbed	
  forecasts	
  
fi,	
  star[ng	
  from	
  perturbed	
  ini[al	
  
condi[ons	
  designed	
  to	
  sample	
  the	
  
ini[al	
  uncertain[es	
  can	
  be	
  used	
  to	
  
es[mate	
  the	
  probability	
  of	
  future	
  
states	
  PDF(t)	
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• Design,	
  implementa[on,	
  and	
  maintenance	
  of	
  the	
  
analog	
  and	
  NWP	
  ensemble	
  techniques	
  
- Shared	
  requirements	
  
§  NWP-­‐model-­‐based	
  data	
  assimila[on	
  and	
  forecast.	
  	
  
§  Calibra[on:	
  both	
  approaches	
  use	
  a	
  calibra[on	
  technique,	
  and	
  each	
  
requires	
  about	
  the	
  same	
  effort	
  to	
  develop	
  and	
  implement	
  

- Unique	
  requirements	
  for	
  REPS	
  
§  Mul[ple	
  physics	
  packages	
  (for	
  mul[model	
  ensembles),	
  and	
  	
  
§  Stochas[c	
  physics	
  rou[nes	
  

Cost-­‐benefit	
  of	
  the	
  analog	
  technique	
  (1)	
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Cost-­‐benefit	
  of	
  the	
  analog	
  technique	
  (2)	
  

• Computa[onal	
  expense	
  
-  SCENARIO	
  I:	
  	
  You	
  must	
  run	
  your	
  own	
  NWP	
  model	
  
§  REPS	
  requires	
  about	
  2-­‐3	
  [mes	
  more	
  calcula[ons	
  than	
  the	
  analog	
  
technique	
  

-  SCENARIO	
  II:	
  	
  Use	
  an	
  available	
  NWP	
  product	
  (e.g.,	
  from	
  NCEP)	
  
§  REPS	
  requires	
  orders	
  of	
  magnitude	
  more	
  calcula[ons	
  than	
  the	
  analog	
  
technique	
  



NASA’s MERRA 

§  NASA Modern-Era Retrospective Analysis  

for Research and Applications (MERRA) 

§  Based on NASA’s Global Atmospheric Model 

and Data Assimilation System 

§  3-D worldwide record of weather from 1979 

§  1/2 degrees latitude × 2/3 degrees longitude 

§  Hourly surface 2D and 6 hourly 3D fields 

§  Assimilation of all NASA historical satellite data 

§  Conventional data 

 

•  Introducti
on 


